Tea quality is often evaluated by experienced tea tasters; however, their assessments are subjective, being influenced by their individual physiological and psychological condition. Herein, we fabricated a colorimetric sensor arraybased artificial olfactory system for sensing the quality of Chinese green tea. First, the colorimetric sensors array was man-made using printing 12 chemically responsive dyes (9 porphyrins, metalloporphyrins and 3 pH indicators) on silica-gel flat plate. The plate was exposed to volatile organic compounds, and the colour changes in each sample were obtained by distinguishing between the images of sensor array before and after contact with tea sample. The values of colour composition changes were extracted from the dyes' colour sections. Multivariate calibrations were applied through principal component analysis and back propagation artificial neural network (BP-ANN) for modelling. The optimum BP-ANN model was obtained with nine principal components, and the discrimination rate was equal to 85% and 86% in the calibration and prediction sets, respectively. We thus conclude that the low cost colorimetric sensor array-based artificial olfactory technique has great potential for application in intelligent evaluation of the quality of green tea.
Introduction
Tea (Camellia sinensis) is one of the most popular beverages in the world and is second only to water among non-alcoholic drinks. With the growing consumption of tea, its quality control has become increasingly important, particularly in the export business. Green tea is highly appreciated in China because of its good flavour and mellow taste, [1] and it has distinct chemical characteristics corresponding to grades. Differentiations in the chemical constituents, including proteins, amino acids, polyphenols, catechins, caffeine, polysaccharides, trace elements, and volatile compounds, affect the quality of tea, which in turn determines the market value of the commodity. In general, a premium grade tea has superior flavour and taste as compared with a lower grade tea. [2] [3] [4] [5] The quality grade and market price of tea usually depend on the aroma and taste of the product. Tea prices varies with the quality grade, ranging from 30 to 1000 $/kg. The assessment of tea grade is important for both consumers and manufacturers, because it prevents unscrupulous traders from selling low-grade tea labelled as high-grade tea to increase their profit margin. Such fraud disturbs the order of market economy, violating consumers' rights and conflicting with their interests. To resolve this problem, tea grades are evaluated by experienced tea tasters. However, sensory quality evaluation has some major drawbacks, such as substantial time consumption and expense, because extensive training of expert tasters is critical for ensuring reproducible results. The results from sensory quality evaluation can be markedly imprecise and biased, because they are highly susceptible to taster's physiological or psychological condition. [6] In recent years, quality control and evaluation of tea through high-performance liquid chromatography (HPLC) [7] or gas chromatography-mass spectrometry (GC-MS) [8] has been challenging because of high cost of instruments, extensive time and energy consumption, instability of detection, and several other uncertainties. Therefore, it is in urgent need of a rapid and precise analytical method for evaluating the quality of tea.
Recently, non-destructive techniques such as near infrared (NIR) spectroscopy and hyperspectral imaging (HSI) techniques have been widely applied to successfully develop calibration models for the quantification of quality parameters in tea as well as for the classification of tea grades, varieties, and geographical origins. [9] [10] [11] [12] [13] [14] NIR spectroscopy is closely associated with the structure of plant molecule, and the chemical components differ among grades; thus, NIR spectroscopy can be applied in distinguishing tea grades. HSI is an emerging technology that combines traditional imaging and spectroscopic techniques to simultaneously obtain spatial and spectral information. Hence, information about surface characteristics can be obtained from the spatial images, and the chemical composition of tea can be evaluated by the spectral information. Customer's satisfaction is closely related to tea quality; therefore, tea aroma is one of the main factors that influences purchase options. [15, 16] In our study, a portable and non-destructive electronic nose (E-nose) was applied in tea grades classification based on aroma. [17] Researchers have developed techniques for identifying various volatile substances in perishable materials by using E-nose based on metal oxide semiconductor (MOS) and other gas sensors, such as conducting organic polymer (COP), quartz crystal microbalance (QCM) surface acoustic wave, carbon nanotube (CNT), and conductive polymer nanocomposite (CPC) sensors. [18] However, these techniques are inconvenient for the detection of volatile components in food additives owing to their sensitivity to humidity variations.
Here, we used the colorimetric sensor array, which is inspired by the mammalian behaviour of evaluating different samples through the sense of smell and has been widely used in food quality inspection. [19] [20] [21] The sensor array is composed of a gel flat plate containing sensitive colorimetric dyes. The array's responses are attributable to the targeted interactions between the volatiles of interest and chemical dyes. The sensors need not to have a selective response; rather, they have nonspecific reactions with a range of chemicals. A colour imaging technique is used for deriving images from the regions of interest to evaluate the samples. In previous studies, gel flat plates were exposed to volatile organic compounds (VOCs), and the colour changes were distinguished based on images of the sensor array before and after contact with tea samples. [22] [23] [24] This method yields qualitative rather than quantitative results. Artificial olfactory system has successfully been utilised for the recognition and quality analysis of wine, [25] vinegar, [26] strawberry, [27] chicken, [28] pork, [29] and fish. [30] In previous studies, several modified sensors were used for classifying quality grades and geographical origins of tea. Li et al. [31] reported an efficient liquid sensor array based on amino acid induced indicator displacement assays, and introduced a sensitive multilayer sensor based on the colorimetric redox reaction between polyphenols and Fe 3+. [32] On the basis of the colorimetric sensor array reported in earlier studies, we used a non-destructive and simple sensor array to differentiate Chinese green tea without brewing. For the first time, we applied a colorimetric sensor array-based artificial olfactory system fabricated with only 12 dyes in discriminating green tea among six different grades.
Therefore, we proposed a colorimetric sensor array-based artificial olfactory system for categorising green tea into different grades through multivariate analysis. The data obtained from olfactory sensors were analysed by employing principal component analysis (PCA) and back propagation artificial neural network (BP-ANN). The experimental procedure was as shown below: (1) to develop an inexpensive and innovative colorimetric sensor array-based artificial olfactory system, and (2) PCA and BP-ANN were systemically studied and compared, in order to optimise the classification ability of the proposed method.
Materials and methods

Samples preparation
A total of 150 Huangshan Maofeng green tea samples were obtained from Huangshan Xieyuda Co., Ltd, China, and the tea samples were divided into six grades based on the results of a human panel test. The collected samples were tightly packed in aluminium foil bags, sealed by using a vacuum packing machine, and then stored at 4°C until further use.
Fabrication of sensor array
A colorimetric sensor array-based artificial olfactory system was developed for evaluating the quality of green tea on the basis of aroma. Two basic requirements were considered in manufacturing the sensor array: (1) that each dye must contain a chemical response centre that interacts intensely with analytes and (2) that a strong coupling effect is achieved between the centre of the interaction and the chromophore. The required dye classes include (1) Lewis acid/base dyes (i.e., metal ion containing dyes), (2) Bronsted acidic or alkalinity dyes (i.e., pH indicators), and (3) Dyes with large permanent dipoles (i.e., Zwitterionic solvatochromic dyes). [33] Owing to their axial ligand coordination sites, large number of spectral changes upon binding of the ligand, and salient colour reaction, metalloporphyrins are considered to approximate the ideal material for detecting metal-ligating vapours. Common pH indicator dyes change colour along with the proton (Bronsted) acidity or alkalinity of their environment. [34] A variety of commercial sensing materials, including porphyrins, metalloporphyrins, and pH indicators ( Figure 1 ) were used to optimise the array response through a preliminary experiment. VOCs are small molecules, such as pinene, hexenols, pentanal, and hexanol. In previous experiments, [28, 35] several materials were tested to select highly chemically responsive dyes. Eventually, nine porphyrins and metalloporphyrins materials (Sigma-Aldrich Chemical Co., Inc., Shanghai, China) and three pH indicators, namely methyl red, bromocresol green, and bromophenol blue (Sinopharm Chemical Reagent Co., Ltd.), were identified as the most suitable chemicals for the experiments and were used to fabricate the colorimetric sensor array. All chemicals were analytically pure and without any further purification before use. On the basis of foregoing research, the colour change values obtained after reaching equilibrium related to the concentration of sensitive material solution. [36] With the decrease of the concentration, the hue shift of the sensor would be enhanced. Thus, the concentration of porphyrin solution is generally controlled between 1 mM and 4 mM, and the concentration of pH indicator is approximately 1 mM. Accordingly, 2 mg/mL stock solutions of the chemo-sensitive compounds were freshly prepared in chloroform or ethanol and subjected to ultrasound for hours. The colorimetric sensors array was fabricated by printing 2 μL of the fresh stock solution of each chemo-sensitive compound on C2 reverse phase silica gel plates (Merck KGaA, Germany) using microcapillary pipettes to define the spot area (Ø 3 mm). [37] The sensor arrays were dried in fume hood and stored in closed environment before further use.
Data acquisition
A functional prototype of the colorimetric sensor array-based artificial olfactory system was built, and the schematic diagram is shown in Figure 2 . An HP Scanjet 4890 flatbed scanner (Hewlett Packard Inc., Shanghai, China) was used to collect images of the sensor array, with the resolution set at 600 dpi through optimisation. The extracted red, green, and blue characteristic values ranged from 0 to 255. Tea samples were stored at 4°C before data acquisition, and the ambient temperature was controlled at 50°C during sampling. The samples were transferred to a 50 mL glass beaker from a sealed sample bag. The sensor array chip was installed upside down on an inert platform, and glass beaker was wrapped with a disposable plastic film to allow contact with the sample and to allow the reaction of head-gas produced from free VOCs in each sample. The reaction time and the volume of sample were all arranged to follow a uniform standard according to the preliminary experiment, so that the chip exhibited clear colour changes explicitly. In particular, the reaction between the selected dyes and VOCs in tea samples takes some time to reach equilibrium. The optimal reaction time was determined to be 2 -28 min with an interval of 2 min; image acquisition was conducted at each time point. Colour changes in the sensor array response at different time are shown in Figure S1 . The results reveal that, at the beginning of the test, the colour changes of the selected dyes were obvious; but, after a certain point, the changes were too slight to detect. As can be observed in Figure S2 , Euclidean distance was increasing dramatically until 10-16 min. Although the reaction tended to be saturated within 16 min, a reaction time of 24 min was selected as the optimised reaction time for subsequent experiments in order to ensure the obtained Euclidean distance in the final equilibration.
Before the array was exposed to the tea samples, an image (referred to as the "initial" image) was captured using a flatbed scanner. On the basis of the results of our preliminary experiment, 1.00 ± 0.01 g of tea sample was placed in a sealed container. Moreover, at the equilibrium time point (approximately 24 min), the sensor array was removed from the glass container. Then, the ''final" image was obtained. The colour change of representative feature can be displayed on an RGB difference image, which was obtained by calculating the difference between the "initial" image and the "final" image. There was no one-to-one correspondence between the colour change in the sensor array and particular VOCs in tea. However, the colour change in the difference images indicated the characteristics of interactions between dyes and volatile compounds in the tea samples.
To avoid subtraction of artefacts at the periphery of the spots and factitious inhomogeneity, the centre of each dye (16 pixels radius of approximately 800 pixels) was averaged. Three colour components (R, G, and B) can be extracted from each dye spot, that is to say, 36 variables (i.e., 12 dyes × 3 colour components) could be obtained from each sensor array for one sample. Each variable had 256 possible colour values. In the experiment, the colour RGB image was an 8-bit image, and the colour values ranged from 0 to 255.
Multivariate calibration
In data processing, multivariate analysis methods were employed to precisely and accurately classify green tea samples of different grades by using the colorimetric sensor array. In order to process the RGB data of the difference image, pattern recognition algorithms (PCA and BP-ANN) were applied. The algorithms were executed in MATLAB Version 7.10.0 (Mathworks, Natick, USA) running on Windows 7, and the experimental results obtained were analysed. PCA mapping was performed using Origin Pro version 9.0 (Origin Lab. Corp., Northampton, MA). 
Results
Sensor response
Classification of green tea of different grades remains a challenge job, because of the substantial number of compounds in the tea and the high similar in sensory characteristics among teas of different grades. In this study, a colorimetric sensor array was utilised to discriminate green tea of different grades. Depending on the plucking season, the tea cultivar, and particularly the plucking standard (i.e., the tenderness of raw materials), tea samples of different grades have unique volatile organic compounds, varying in the number of organic compounds present and their ratios. The characteristic fingerprints of each green tea sample are attributable to their inherent chemical characteristics. When chemically responsive dyes such as porphyrins, metalloporphyrins, and pH indicators interact with VOCs, their respective colours change. Thus, each difference image represents a specific colour change fingerprint. Therefore, tea samples of different grades can be classified with suitable multivariate analysis methods. Figure 3 shows difference images of green tea of six grades, and the differences among the grades could be easily found even by naked eye. Considering the reproducibility and stability of the artificial olfactory system, 25 samples from each grade were analysed. As shown in Figure S3 , the colour changes in the profiles of tea samples from the same grade were quite similar indicating good reproducibility and stability of the artificial olfactory system.
Results of classification
Principal component analysis PCA is a widely used pattern recognition method for analysing and classifying multiple target VOCs by using the colorimetric sensor array-based artificial olfactory system. [38, 39] By determining a linear relationship that represents the characteristics of variables, it can effectively reduce the dimension of numerical datasets in a multivariate problem. The PCA algorithm decomposes the original data matrix; specifically, multivariate data sets are projected onto a completely new coordinate. The eigenvectors of the new data matrix thus formed are known as principal components (PCs) which constitute a linear combination of the original variables. [40] The total number of PC equals to the number of the original variables, and it derived in decreasing order of importance. [41] The first PC (PC1) accounts for the maximum of the total variables, the second PC (PC2) is not connected with the first and accounts for the maximum residual variance. Both the data coordinates in the new base (score plot) and the contribution to each component of the sensors (load plot) can be obtained by the PCA algorithm. The score plot is generally utilised to analyse the classification of data sets, while the load plot provides information on the relative importance of sensors to each PC and their mutual correlation.
PCs are used for displaying the classification results of a data set. A two-or three-dimensional (3D) score plot consisting of the first two or three PCs shows visual distribution relationships between the results. More similar samples are more closely distributed. The plot, therefore, can be used to identify differences between the groups and to compare the distribution patterns of such differences within a group. To visualise the clustering trend of these samples, the first three PCs (i.e., PC1, PC2, and PC3) from PCA were used to draw the score plot.
The PCA results showed that the first 10 dimensions accounted for only 88.51% of the total variance, and the sensor array requires 15 dimensions to represent 93.50% of the total variance. Such a high dispersion rate indicated that our array of chemo-reactive dyes account for a wide range of chemical properties. Figure 4 shows a 3D plot constructed from the first three PCs, and the distribution of all samples in the PC1, PC2, and PC3 coordinate axes, confirming the presence of six groups. The variances of PC1, PC2, and PC3 were 31.6%, 26.47%, and 9.38%, respectively. The accumulated variance from the first three PCs was 67.45% of the total variance. That is, the 3D plot can represent only 67.45% of the variance in the original data. Thus, there exists no clear boundary of separation between different grades of green tea. The relative location of each sample in the 3D plot reflects the response of the array, which is based on the differences in the concentrations of various chemical compounds and the pH value of each analyte. As shown in Figure 4 , the samples of adjacent grades are overlapping, validating both the tea quality and the clustering process of the PCA algorithm. In general, the distance between the green tea samples of different grades reflects of the inherent quality of green tea. The quality between two adjacent grades is the most similar. To conclude as compared with the supervised pattern recognition methods, PCA has unsatisfactory discrimination. BP-ANN involves classical feed-forward multilayer networks and was hence, used for improved separation.
Back propagation artificial neural network
The ANN is a mathematical model inspired by structural and functional aspects of actual biological neural networks, and it serves as an efficient tool for accurate classification and distinction between categories. The ANN is a nonlinear analysis involving several simple units of computation, and the BP-ANN is one of the most widely used models. [42] The BP-ANN model can self-adjust its structure to fit the training data to a large extent, and it offers a strong ability to extract features from the training data set. Therefore, when a well-trained BP-ANN model is applied to address the artificial olfactory system problem, it can achieve a superior performance compared with unsupervised techniques. [43] The BP-ANN model is composed of a set of interrelated artificial neurons arranged in layers, namely an input layer, one or more hidden layers, and an output layer. A connection (weights) exists unidirectionally from the input layer to the output layer. There is no connection between the neurons of the same layer; however, the adjacent layers are interconnected by a weighting factor. The data matrix is sent directly from the input layer to the hidden layer with a transfer function, which adjusts the output value between 0 and 1. The BP-ANN layers modify the connections between neurons weights through learning, and then the final error arrives at the minimum. Parameter selection during the construction of the model is an essential aspect of supervised learning algorithms. In this work, the network parameters (i.e., number of hidden nodes in the middle layers, scale functions, learning rate factor, momentum factors, and initial weights) were evaluated on the basis of the minimal mean square error values. The number of hidden nodes was initially set at 5; the learning rate and momentum were set at 0.1; the initial weight was set at 0.3; and the scale function was set to the 'thah' function. Selecting of the optimal number of PCs is a crucial task in BP-ANN. Several methods are dedicated to this purpose, the discrimination rates were used to select the optimal number in our study. The discrimination rate (%) = (N1/N2) * 100%, where N1 is the number of correctly classified samples, and N2 is the total number of samples. Figure 5 shows the discrimination rates of the BP-ANN model for the calibration and prediction sets with different numbers of PCs. As shown in Table 1 , most of the misclassified samples were between adjacent grades. The highest discrimination rate was obtained using nine PCs (85% for calibration set and 86% for prediction set) followed by six PCs (80% for both calibration set and prediction set). The model meets the requirements for classification and can be used in further experiment for data fusion. 
Discussion
Tea is rich in volatile compounds, which are responsible for its special odour and aroma. Volatile compounds are generated from carotenoids, lipids, glycosides, and other precursors as well as from the Maillard reaction. [44] The production of VOCs is affected by the manufacturing process. trans-2-Hexenal, benzaldehyde, methyl-5-hepten-2-one, methyl salicylate, and indole are five key VOCs for distinguishing unfermented teas from fermented ones. [45] In green tea, more than 200 volatiles were found, and approximately 30 of these were identified as important contributors to the green tea aroma. [46] Classification of green tea of different grades remains a challenging task not only because the processing of unfermented green tea results in minimal oxidation as compared with the manufacturing of other teas, but also because of the substantial number of compounds in tea that are highly similar in their sensory characteristics, eben among different grades. Through GC-MS, caproicacidhexneyleste, linalool, and nonanal were identified as the most important components of the common Chinese green tea (Huangshan Maofeng tea) odour. In addition, linalool, dimethyi sulfidephide, and β-ionone are the main contributors to the overall aroma of green tea based on their aroma character impact value. [45] Investigations on potent odorants of green tea infusions have identified some volatiles, such as 4-hydroxy-2,5-dimethyl-3(2H)-furanone, 3-hydroxy-4,5-dimethyl-2(5H)-furanone, coumarin, vanillin, geraniol, (E)-isoeugenol, and 2-methoxyphenol, as essential for the aroma of all three famous Chinese green tea cultivars. [47] Porphyrins, metalloporphyrins, and pH indicators can react with various types of VOCs to produce colour changes via metal-ligand bonds and hydrogen bonds, enabling classification of tea grades. [31, 34] In previous studies, common organic components such as amines, arenes, alcohols, aldehydes, carboxylic acids, esters, halocarbons, ketones, phosphines, sulfides, and thiols were distinguished through the analysis of colour change in a metal porphyrin sensor array. [22] To optimise performance in discriminating of green tea's quality by using the artificial olfactory system, we systemically studied and compared PCA and BP-ANN through data analysis. Favourable classification results were achieved by the colorimetric sensor array-based artificial olfactory system. Table 1 shows the discrimination rate of the BP-ANN model developed in this study. Comparison of these results with the PCA cluster plot for different tea grades (Figure 4 )indicated that (1) the samples from the adjacent grades were overlapping and followed a trend of cluster distribution in the PCA cluster plot; (2) all of the misclassified samples in the BP-ANN model were incorrectly classified into adjacent grades; (3) the BP-ANN algorithm was superior to the PCA algorithm in this study. The reasons for these findings are summarised as follows.
The quantities of VOCs in the tea samples of adjacent grades were similar, owing to the use of similar raw materials and manufacturing methods. The colorimetric sensor array exhibited a specific response to the VOCs and a corresponding colour fingerprint. The relative dispersion degree of green tea samples in the PCA cluster plot reflects the response of the array, which is based on the differences in the concentrations of various chemical compounds and the pH value of each analyte. Samples from the adjacent grades overlapped; thus, green tea samples were misclassified into the adjacent grades.
In contrast to PCA, the BP-ANN classification algorithm achieved a higher classification performance in this study. On the basis of statistical learning theory, although PCA provides an effective method for reducing the dimension of the original multivariable data set, the BP-ANN has advantages as a nonlinear classification algorithm. The evaluation of tea quality is a complex process that involves a nonlinear variation of the green tea aroma among grades. Although the colorimetric sensor array has a corresponding colour fingerprint for VOCs, the relationship between the fingerprint and tea quality is complex. Hence, data analysis by using linear tools does not apply in this complicated classification problem. The effectiveness of PCA in data dimension reduction is insignificant in the circumstances; the first three PCs accounted for only 67.45% of the total variances, owing to the selection of a wide array of chemicalproperty space. Hence, the chemo-reactive dye and the VOCs were independently bonded to each other; that is, there were not too many collinear variables in the sensor data set. In general, insufficient redundant information in the raw data led to unapparent dimension reduction. Therefore, the percentage of variance accounted for by PCs was quite limited. The topology network structure may be more applicable owing to self-study and self-regulation abilities. This explains why the BP-ANN algorithm was superior to the PCA algorithm.
Conclusion
In this study, a novel and economical colorimetric sensor array-based artificial olfactory system was developed for intelligent evaluation of green tea's quality. The colour change profiles of the array were selected for the digital signal representation of the colorimetric sensor array and the unique fingerprint of specific tea samples. The results revealed that the colorimetric sensor array-based artificial olfactory system can be used to distinguish the grades of green tea by applying multivariate analysis, which has a great guiding significance for the green tea manufacturing industry. In addition, the entire analysis process is quick and easy; both pretreatment of the sample and the personnel professional qualifications are not required.
